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Executive Summary

In recent years, traffic congestion has become a significant issue in urban areas. People in the
United States travel an extra one billion hours and consume an extra one billion gallons of fuel
due to traffic congestion every year. Therefore, monitoriegodgrformance of the transportation
system plays an important role in any transportation operation and planning strategy.

Congestion that is caused by accidents, road work, special events, or adverse weather is called
nonrecurring congestion. Neperiodc events with an expected large attendance (referred to as
planned special events [PSE]), such as concerts, football games, etc., play a major role in
transportation delays.

Memorial Stadium in Lincoln, Nebraska, is the home of the Nebraska Cornhuskéifteam.

With an extended capacity of more than 85,000 people, the stadium is commonly referred as the

At hliardgest city in Nebraskao on game days. Gar
patterns in Lincoln and its neighboring regions.

This report documents a study evaluating the relationship between professional sporting events
and traffic congestion using INRIX data covering the past five years in Nebraska. The objective
of this study was twofold: (1) monitor and evaluate the performanite @afansportation system

and travel behavior on football game days and (2) detect game day traffic hotspots on five major
routes in Nebraska and identify significant factors affecting hotspot size.

This study demonstrates a systematic way to assesspedtazins and identify traffic hotspot
clusters on football game days compared to normal days. Five major routes in Nebraska were
selected for this study, and the analysis utilized historical andimeakraffic data, including

speeds, travel times, atatation information, collected through the INRIX traffic message
channel (TMC) monitoring platform. The INRIX dataset is currently regarded as the largest
crowd-sourced traffic dataset. A comprehensive exploratory analysis of performance monitoring
on gane days against normal days for the five selected routes in Nebraska was also performed.

Among the different analytical tasks that can be performed on spatiotemporal data, hotspot
analysis is an important tool in the transportation field. A realistic siceinaolving the

application of hotspot detection is in traffic incident detection. A novel method for hotspot
detection is proposed in this report. The proposed algorithm uses the spatiotemporal matrix of
expected congestion cases as the baseline inflorméising the expected congestion case

matrix as the baseline information, we can replace the observed cases by the respective expected
cases for the previously detected congestion regions in the spatiotemporal spaeeiaildere
algorithm to detect adkibnal hotspot clusters, if they exist.

After detecting hotspots, it is crucial to identify the factors affecting the sizes of the hotspots,
their | ocations, and other possible parameter
opponent for a gen game are two important factors affecting the number of people coming to
Lincoln, Nebraska, on game days. The start time of the game can be classified as either noon or
evening. The opponent of the Nebraska Cornhuskers also plays a significant rele in th

Xi



importance of a given game and therefore the size of the crowd that the game draws. Over the

|l ast five years, the Cornhuskerso toughest op
crowds, were (1) Ohio State, (2) Wisconsin, (3) Northwestern, {@ilyan State, (5) lowa, and

(6) Purdue. Hotspot size can be defined as (1) the number of congested lanes, (2) the number of
congested segments, and (3) congestion duration.

Finally, given the start time of the game (noon or evening), the toughnessoppthreent, and

the specific congested segments on each route
(2018) were forecast using Dynamic Bayesian Networks, and hotspot clusters were identified

based on the dataset of predicted traffic speeds.faata2018 were utilized as a validation

dataset.
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1. Introduction

1.1 Background

Monitoring the performance of the transportation system is a fundamental element of any
transportation operation and planning strategy. Traditionally, transportation system performance
monitoring was based on average travel times. However, travel tineggapable of

representing the quality of service that commuters experience daily and may also inaccurately
reflect the actual level of congestion by not accounting for unexpected congestion.

Traffic congestion directly translates into transportation andtplays a key role in assessing the
performance of the transportation systems and the impacts of planning decisions. When a road
reaches its capacity, every additional vehicle creates overload, which in turn delays other
vehicles. Increased travel timegcidents, unpredictability of arrival times, increased fuel
consumption, and increased pollution emissions are some of the impacts of congestion.

Generally, there are two types of congestion: recurring angletamring. Recurring congestion

is caused Y routine traffic in a normal environment and is repetitive in nature and observed
during peak periods, whereas A@turring congestion is unexpected and is most likely caused
by an incident. Nomecurring congestion may also result from a variety ofrdénetors, such as
laneblocking crashes, disabled vehicles, wadae lane closures, and adverse weather
conditions. For urban road networks, travel time (and indirectly delay) is the most commonly
used indicator to determine whether the congestion isneg or nonrecurring. Since

unexpected incidents are the predominant source of travel time unreliability (Hojati et al. 2016),
it is crucial to predict the performance of the transportation network during unusual conditions
and plan a set of actionse@ohance the mobility and safety of travelers.

Daily congestion is common in many US cities, and most travelers expect and plan for some
delay, particularly during peak hours. Most commuters modify their schedules or budget extra
time to allow for trafficdelays. It is the unexpected congestion that worries travelers the most.
Travelers want to have a reliable travel time and want to be confident that a trip that takes 30
minutes today will also take 30 minutes tomorrow. Travel time reliability reflectsxtieat of

this unexpected delay. Reliability is formally defined as the consistency or dependability in
travel times, as measured from day to day and/or across different times of the day.

1.2 Planned Special Events (PSE)

Non-periodic events with aexpected large attendance (known as planned special events [PSE]),
such as concerts, football games, etc., play a major role in transportation delays (Kwoczek et al.
2014). Although such events are mostly different from each other, they all have ongeaittrib
common: they impose a ngacurring stress on the transportation network, which leads to safety
risk, capacity reduction, and demand surge.



The presence of a professional and college sports team in a city can have a considerable impact
on the locakconomy of that city. Previous research has focused mainly on assessing the benefits
of professional and college sports teams to the local economy, without any focus on the direct
and indirect costs generated by professional and college sports teamsiagdmes. Direct

costs include facility construction; salaries for players, managers, and officials; and the costs
associated with public safety at games. Indirect costs come from traffic, crowds, trash and
pollution, noise, crime, and other negativeexsp of the games. A thorough understanding of

both the benefits and costs of professional and college sports teams provides context for
understanding the public subsidies provided to professional and college sports teams.

In this report, we empiricallyralyze the relationship between attendance at National Collegiate
Athletic Association (NCAA) Division | Football Bowl Subdivision (FBS) games and traffic in a
US metropolitan area, an indirect cost associated with the presence of a college football team.

The FBS is the most competitive subdivision of NCAA Division I, which itself consists of the
largest and most competitive schools in the NCAA. As of the 2017 college football season, there
are 10 conferences and 130 schools in the FBS. College footbatipopular in the US, and

the top schools generate tens of millions of dollars in yearly revenue. The top FBS teams attract
thousands of fans to games, and the largest American stadiums by capacity all host FBS teams.
Football teams typically play atdst six home games per season.

Memorial Stadium in Lincoln, Nebraska, is the home of the Nebraska Cornhuskers football team.
With an extended capacity of more than-85,000
| argest city i nysNbestadumkaddstheoONCAAgreconefor doasecutive
sellouts for every game since 1962, a streak of more than 300 games. Game days, therefore,
typically affect the travel patterns of Lincoln and its neighboring regions. Most of the existing
research onhie economic costs associated with professional and college sports has focused on
either the financial costs associated with facility construction or the crime associated with events
held in sports facilities. However, little research has focused on @ dosts generated by

games, such as the costs associated with public safety and sanitation, or indirect costs, such as
the opportunity cost of funds used to subsidize the construction and operation of sports facilities.
This report focuses on the relatghip between professional and college sports events and traffic
congestion, another overlooked cost of hosting sporting events.

1.2.1 INRIX Data Sources

In this study, we utilized historical and re¢ahe traffic data, including speeds, travel times, and

location information, collected through the INRIX traffic message channel (TMC) monitoring

platform. The INRIX dataset is currently regarded as the largest esourded traffic dataset.

With the help of todayds t e cahdsmwdrtghgnesISBRIX i ncl ud
offers a vast amount of historical and ra@ale data that can be analyzed and investigated to

i mprove the performance of transportation net
includes spatial and temporal data on averagedspr major roadways and arterials across all

50 states. These speeds are determined by alg
coll ected using | NRI X6s patented Smart Dust N



roads across the cauy The speed data are then processed across several different temporal
resolutions and reported on a customenfigurable basis for each temporal resolution.

INRIX derives historical flow data using the following:

0

(@]

Traffic sensor$ Sensors put in pladgy local departments of transportation (DOTS) or
private sector companies that report traffic speed or other data from which traffic speed can
be inferred. The sensors utilize one of several types of technology:

0 Induction loop sensors embedded in thadway

o0 Radar sensors

o Toll tag readers along stretches of roadway

Probe vehicles The INRIX network includes hundreds of thousands of probe vefiicles
trucks, taxis, buses, and passenger cars with onboard global positioning system (GPS)
devices and transntiihg capability) to relay vehicle speed and location back to a central
facility. INRIX has agreements with several fleets to obtain the speed and location data
anonymously.

INRIX Smart Dust Network This network combines reéime GPS probe data from more

than 650,000 commercial vehicles across the US that travel on specific road segments during

particular time windows, physical sensor information, and othettirealtraffic flow

information with hundreds of markspecific criteria that affect trafficush as construction

and road closures, retiine incidents, sporting and entertainment events, weather forecasts,
and school schedules. The Smart Dust Network gathers all input points, weights them
appropriately based on input quality and latency, andilzdés the speeds on a given road
segment to a measured degree of accuracy.

1.2.2 INRIX Data Format

All INRIX historical traffic flow data for the state of Nebraska were delivémeztbmma
separated value (CSV) format. The data provided by INRIX contained the following
information:

0

0

TMC ID 1 the basic spatial unit used by INRIX to report the traffic flow data; INRIX uses a
nine-digit TMC ID to define a unique segment

Time segmenit a 19digit time format used by INRIX to define the year, month, day, hours,
minutes, and seconds (e.g., 213430 23:59:33 for September 30, 2014 at the 23rd hour,
59th minute, and 33rd second) for each TMC

Speed the average speed for a given TMC camdculated using live data from the most
current time slice

Referencespeddan uncongfelsacwa difeecd deter mi ned f
using the INRIX traffic archive

Average speed the historical average mean speed for the reporting segmehaftdinte of

day and day of the week in miles per hour

Travel timei an attribute reported by INRIX based on an aggregation of data provided by
GPS probes

Confidencea an attribute reported by INRIX having three levels: 10, 20, and 30. A

or



confidence of 30 idicates that enough base data were available to estimate traffic conditions
in reattime, rather than using either historical speed based on time of day and day of week

(indicated by confidence of 20) or frlew speed for the road segment (indicated by a

confidence of 10).

O«

whether the INRIX value meets their criteria for rgale data

An instance of Nebraska data is shown in Figure 1.1.

Figure 1.1. An instanceof Nebraska INRIX data

1.3 Hotspot Detection

118+04749,2016-09-01 00:00:22,69.0,66.0,67.0,0.03,30.0,96.0
118-08667,2016-09-01 00:00:22,57.0,57.0,57.0,8.58,20.0,0.0
118N08667,2016-09-01 00:00:22,12.0,12.0,20.0,0.03,20.0,0.0
118+13461,2016-09-01 00:00:22,64.0,64.0,62.0,4.85,20.0,0.0
118-11314,2016-09-01 00:00:22,61.0,61.0,62.0,1.8,20.0,0.0
118-08816,2016-09-01 00:00:22,60.0,60.0,60.0,14.45,20.0,0.0
118-08813,2016-09-01 00:00:22,59.0,59.0,60.0,2.51,20.0,0.0
118P10037,2016-09-01 00:00:22,59.0,59.0,58.0,0.01,20.0,0.0
118+07616,2016-09-01 00:00:22,64.0,64.0,61.0,5.62,20.0,0.0
118-11309,2016-09-01 00:00:22,60.0,60.0,60.0,4.93,20.0,0.0
118+08795,2016-09-01 00:00:22,64.0,64.0,64.0,29.0,20.0,0.0
118P11076,2016-09-01 00:00:22,62.0,62.0,60.0,0.09,20.0,0.0
118-07590,2016-09-01 00:00:22,34.0,34.0,40.0,3.37,20.0,0.0
118+10577,2016-09-01 00:00:22,37.0,60.0,61.0,17.58,30.0,0.0

Hotspot detection is used in many disciplines, such as in crime analysis for analyzing where
crimes occur with a certain frequency, in fire analysis for studying the phenomenon of forest
fires, and in disease alysis for studying the localization and focus of diseases.

In the transportation field, a realistic scenario involving the application of hotspot detection is in

traffic incident detection. Suppose that there are several detectors across a city réoerding
detector s,

speeds of vehicles passing the
multiple years to be the basel
multiple years to be the case dataset. The goal in hotspot detisctd detect those
spatiotemporal regions that contain unexpected lower speeds that leaerézunimg

congestion.

ne

nf or mat

In addition to detecting hotspots, this study aims to identify the factors that affect the sizes of
hotspots, their locations, and etipossible parameters.

1.4 Report Organization

This report is organized as follows. A literature review summarizing previous pertinent studies is

provided in Chapter 2. Chapter 3 presents the data used in this study, describes the routes

selected, and pwides some preliminary analysis. In Chapter 4, the experiments and results are

C_valuei the confidence value (ranging from 0 to 100), designed to help agencies determine

and

on



explained in detail, a complete traffic hotspot analysis is presented, a novel hotspot detection
method is proposed, and insights into the observed results are provided.drheaepludes in

Chapter 5 with a summary of the findings of this study and a discussion of recommendations for
future research.



2. Literature Review

2.1 Introduction

This chapter provides a review of previous studies conducted on probe data, pl&cred sp
events and their impact on traffic congestion and travel behavior, and methods for detecting
hotspots during special events.

2.2 Planned Special Events (PSE)

Traffic congestion represents a significant problem in many urban areas. Duranton and Turner
(2011) note that in 2001, the average American household spent more than 2. Shpers@ach

day in a passenger vehicle. They also investigated the effects of road construction and other

factors on congestion. Rappaport (2016) extended the standardentiocity model to

include commuting and identified traffic congestion as a critical factor constraining local growth.
Anot her recent study concluded that commuting
least enjoyable activities, suggesting thadlitional time spent in a car at the end of the day

involves substantial psychic costs.

Non-periodic events with large attendance (i.e., PSES) play a significant role in transportation
delays (Kwon et al. 2006). Although such events are mostly diffex@nteach other, they all

have one feature in common: they impose amaurring stress on the transportation network,
which leads to safety risk, capacity reduction, and demand surge. Major events are discussed in
many studies. They can be recognizedhgyr larger spatidemporal size compared to recurring
congestion, but they are not well defined. Muller (2015) proposed a methodology containing four
parameters for defining major events: number of visitors, media coverage, costs, and urban
transformatio (Muller 2015). TheHandbook for Event Transportatighlandbuch

Eventverkehr) similarly categorizes events according to a substantial list of factors, including but
not limited to the number of expected visitors, relative size, open or closed accédss),loca
whether the event is weather dependent, duration, and financing (Amini et al. 2016). As an
example of the congestion generated by large events, a concert by Rihanna in South Africa in
October 2013 forced people who were trying to reach the stadisinitaraffic for more than

five hours. Similarly, a concert by Robbie Williams in London in 2003 created tailbacks of up to
10 miles on highway A1l towards the stadium. Traffic congestion created by special events has a
typical pattern, including two sagntial waves of congestion (Leilei et al. 2012). The first wave
consists of people going to the event, while the second consists of people leaving the venue.
Interestingly, the second wave may be even bigger that the first.

Few studies have been condulcte predict congestion due to special events. At the same time,
there is almost no way to predict this kind of frecurring congestion ahead of time. In this
report, we examine the effects of one specific type of special event, football games, on traffic
patterns and travel behaviors in the city of Lincoln, Nebraska.

It is worth noting that the relationship between urban vibrancy, traffic congestion, and
greenhouse gas emissions has been investigated; the presence of a professional sports team in a



city could represent a type of consumer amenity that contributes to urban vibrancy. Professional
sporting events attract large numbers of fans attending games in a small area at the same time.

The presence of large surface parking lots and parking structurespioes facilities indicates

that large numbers of fans drive to games. Many professional sporting events take place on
weekend evenings, and many sports facilities are located in the urban core of large cities. Taken
together, this suggests that sportawgnts could have a substantial impact on traffic congestion.
Basi c-ofile@ac kel oped esti mates of annual vehicle
National Household Travel Survey (NHTS) data and actual FBS attendance suggest that fan

travel to footbdlgames could account for as much as-bak of one percent of annual

metropolitan area VMT, which could plausibly affect local traffic congestion.

2.3 Professional Sporting Events

Fan attendance represents the key link between sporting events and urban traffic. To attend a
sporting event, most fans travel between their home or place of work and the venue where the
event takes place. Fan attendance at professional sporting ever@stcaies economic activity
spatially in and around facilities and temporally on game day. This concentration has clear
economic impacts.

Humphreys and Zhou (2015) developed a spatial economic model that includes agglomeration
effects stemming from incread fan activity in and around professional sports facilities on game
day that predicts that the presence of a professional sports team will increase nearby property
values and induce other servigmviding firms to collocate near the sports facility. Hgand
Humphreys (2014) found evidence of increased housing market activity near new sports facilities
after the facilities opened, supporting the predictions of the model by Humphreys and Zhou
(2015). If this housing market activity reflects the immigmatof new residents, the population
density near sports facilities will increase. Coates and Humphreys (2003) show that employees in
the amusements and recreation inddstitye industry that includes athletes and other employees
working in sports facilitie earn more in cities with professional sports teams than employees

in this industry in cities without professional sports teams; these results support the idea of
increased economic activity in and near sports facilities (Coates and Humphreys 2003).

Despte this evidence of increased economic activity near sporting events, no evidence exists to
support the idea that professional sports teams or facilities generate broader economic benefits
across metropolitan areas. However, the concentration of fangdaparts facilities on game

days, along with an increase in the nearby population, has clear consequences for traffic near
sports facilities. Most professional sports facilities are located in or near the central business
district (CBD) in their respectiveities, which also contains many firms employing large

numbers of workers who travel to and from their residence on weekdays, often by car. Many fans
drive to games and park in dedicated lots surrounding sports facilities or in nearby lots and
parking stuctures that are also used by local workers and residents.

A few papers in the geography literature have examined the effect of sports facilities on local
parking and traffic. All are case studies, and most use surveys of local residents to assess the
extent to which increased traffic, parking, crowds, and noise on game days are perceived as a



Anui sanceo externality by | ocal residents. Ma
the importance of negative externalities generated by games plagédatiball stadium in

Southampton, England; the paper concluded that traffic and parked cars generated substantially

|l arger Anuisanceo externalities on game days
traffic and parking extended several milesn the stadium (Mason et al. 1983). Chase and

Healey (1995) assessed the importance of negative externalities generated by games played and
rock concerts held in a football stadium in Ipswich, England; this paper also concluded that
traffic and parkedcas wer e t he | argest fAnui sanceo extern
and found a similarly large traffic impact area. Chase and Healey (1995) discussed proposed
stadium location decisions in Australia in light of Australian transportation politgtives and

the existing transportation environments around several rugby and Australian Rules Football
stadiums located in the center of larger Australian cities. Although this paper did not gather

empirical evidence, the discussion highlights the irtgsee of increased local traffic and

parking on game day.

Little research has focused on the direct costs generated by games, such as the costs associated
with public safety and sanitation, or indirect costs, such as the opportunity cost of funds used to
subsidize the construction and operation of sports fasilitn one such study, Pyun and Hall

(2019) reviewed the existing evidence on the relationship between professional sporting events
and crime. Nevertheless, case stbidged evidence clearly indicates that additional traffic

around sports faciltiesongam days represents an i mportant fn
of areas near stadiums in England and Australia. The existing theoretical and empirical evidence
on professional sports teams in North America suggests that stadiums and arenas concentrate
fans and economic activity in and near sports facilities on game days and may also increase the
number of businesses and residents near sports facilities. All of these factors could increase
traffic. However, the perceptions of residents near sportstiesidbout traffic conditions on

game days may not reflect outcomes across the broader metropolitan area, and a concentration of
fans and economic activity near a sports facility may not increase overall traffic in a metropolitan
area. A full understandingf the potential impact of sporting events on traffic in metropolitan

areas requires a model that determines realized driving outcomes.

In general, predicting traffic congestion in urban environments is a highly complex task. Early
approaches to traffigrediction used simulations and theoretical modeling (e.g. Clark 2003,
Chrobok et al. 2004). More recently, thanks to the availability of massive new datasets on traffic,
several different statistical and dataven approaches have been presented. Exarpkide
generalized linear regression (Zhang and Rice 2003), nonlinear time series (IshalOemdk Al

2002), Kalman filters (van Lint 2008), support vector regression (Wu et al. 2004), and various
neural network models (van Lint 2008, Park et al. 193%hayakshi and Rilett 2004). A

combination of some of the latter approaches is used by current commercial navigation solutions,
which are able to predict recurring congestion by identifying characteristic traffic flow patterns
on street segments based ostdnical data. These commercial systems can also optimize route
planning based on the re#he traffic situation.

In general, traffic congestion can be divided into recurring congestion, usually caused by a
mobility demand that exceeds the capacity efritead network (e.g., due to rush hour), and non
recurring congestion (e.g., due to incidents or special events) (Kwon et al. 2006). The effects of



nonrecurring traffic congestion and the prediction of this type of congestion are widely
investigated top& within the research community (e.g., Miller and Gupta 2012, Pan et al. 2012,
Pan et al. 2015). Although approaches to predictingraoarring congestion have improved
significantly over time, most use data from stationary loop sensors that are nct ehpaple of
reflecting the traffic state at the level of granularity required for urban scenarios. In addition, the
focus of these approaches has been on unidirectional street segments such as highways, whereas
usually in cities the impact of congestiamultidimensional, evolving in a tadimensional

(2D), more complex route network. Previous studies have highlighted that PSEs are possible
influencing factors on nerecurring congestion (Kwon et al. 2006, Ishak andbAEk 2002,

Horvitz et al. 2005), sice they may lead thousands (or even hundreds of thousands) of people to
travel towards and then away from the same destination in a very limited time span.

To the best of our knowledge, the only work available that focuses on the influence of PSEs on
traffic is presented in Kwoczek et al. (2014). The authors present a generic overview of the
influence of PSEs on road networks, derived from an event classification system defined by the
Chinese State Council. The authors also introduce management plaiffefenttypes of

events, but there is no quantifiable solution for predicting traffic.

In the present report, we make use of INRIX probe data to analyze the influence of PSEs on
traffic and make planning decisions based on that. However, first it iecto@xplain what
probesourced data are.

2.4 Widely Available INRIX data

As demand for comprehensive traffic monitoring grows from both travelers and transportation
agencies, a new technology that would reduce the installation and maintenance costs of
monitoring systems is needed for collecting accurate andirealtraffic details. Probbased

methods of measuring travel time and speed data can easily scale across large networks without
the need for deploying any additional infrastructure (Young 2007).

The emergence of probe vehicle technology, the use of which has grown over the past few years,
has caused a remarkable change in traffic data collection, processing, analysis, and utilization.
The ability to access a huge volume of historical andtie traffic data without any of the

costs of installation, configuration, and maintenance of infrastruotorented sensors interests

many agencies that want to utilize a single, uniform data source for monitoring traffic conditions
across most routes in this. Traffic information is collected from millions of cell phones, vans,
trucks, connected cars, commercial fleets, delivery vehicles and taxis, and othen&hiRsl

vehicles. At present, several probe data vendors, such as INRIX, HERE, TomTom, NAVTEQ,
and TrafficCast, provide broad and highality realtime and historical traffic data around the

world.

INRIX provides updates on speed, travel time, incidents, and data quality along ealdmgnile
travel segment at a frequency of once every minute Heoentire Nebraska roadway system, the
stream for the INRIX TMCs comprises approximately 9 to 10 GB/month, or more than 100
GBl/year, and for XD segments the stream is approximately 45 GB/month, or more than 545



GB/year. With the introduction of greater §phcoverage and resolution, the size of the input
streams is expected to increase (Cookson and Pishue 2017).

Many studies have been conducted comparing the accuracy and reliability eEpurbed data
against that of local sensor data, such as dama fadar sensors and loop detectors, which are
considered the benchmark (Feng et al. 2010, Coifman 2002, Lindveld et al. 2000, Kim and
Coifman 2014, Hu et al. 2015, Mudge et al. 2013). Kim and Coifman (2014) showed that INRIX
speeds tend to lag behind s@eeds measured by loop detectors by almost 6 minutes. Although
INRIX reports two measures of confidence, these confidence measures do not appear to reflect
this latency or the occurrence of repeated INfRéKorted speeds. Kim and Coifman (2014) used
twomont hs of | NRI X data against the concurrent
performance during both recurrent and sieaurrent events on 14 miles ef1. To calculate the
amount of latency, the authors used a correlation coefficient with severtisrad continuous

data from concurrent detectors while shifting the tseges loop detector with 10 second steps.

The Federal Highway Administration (FHWA) conducted a survey to gather information on (1)
products and services offered by private sed#ba providers and (2) the use of those private

sector data products and services by public sector agencies. The FHWA found that agencies are
using a range of data sources, including GPS data from fleet vehicles, commercial devices, cell
phone applicationdixed sensors installed and maintained by other agencies, fixed sensors
installed and maintained by data providers, and cell phone locations. Most providers did not
disclose specific quality evaluation results or quality assurance algorithms. INRIXitxpli

stated its capability of meeting an availability level of more than 99.9% and an accuracy of
greater than 95% (FHWA 2016).

Nanthawichit and Nakatsuji (2003) proposed a method for treating probe vehicle data together
with fixed detector data to estate the traffic state variables of traffic volume, space mean
speed, and density. The method uses a macroscopic model along with the Kalman filtering
technique and was verified with several sets of hypothetical traffic data. The authors suggested
the possdility of using estimated/predicted states to estimate/predict travel time.

Coifman (2002) investigated various means of measuring link travel times on freeways. He used
basic traffic flow theory to estimate link travel time using point detector datawtithe need
for any new hardware.

Sadrsadat and Young (2011) workedont8ed Cor ri dor Coal i ti onbés Veh
(VPP) to determine the probability that traffic data are reported iftinea@las a function of

hourly volume. The authors comparbe VPP data against travel time data collected using

Bluetooth traffic monitoring equipment. The VPP provides an indication that traffic data are

reported in reatime data by a confidence score attribute equal to 30; the confidence score is

provided byINRIX. The study confirmed the increasing availability of rgéale data with

increasing traffic volume, as measured by the percentage of confidence scores of 30.

Feng et al. (2010) investigated the analytical relationships between travel time
predictionéstimation accuracy and sensor spacing by means of two basic travel time
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prediction/estimation algorithms. The authors also measured probe vehicle penetration rate.
Travel times estimated and predicted online using induction loop detectors were evaluated
against observed travel times. The findings of the study provide support for detector placement
and probe vehicle deployment, especially along freeway corridors with existing detectors.

Lindveld et al. (2000) found reasonably accurate results (10% tadd@%mean square error
proportions) for travel time prediction/estimation accuracy across different sites for uncongested
to lightly congested traffic conditions. They used various travel time estimators, but only speed
based travel time estimators coukltested under congested conditions.

The Florida Department of Transportation (FDOT) used several metrics, such as absolute

average speed error, average speed bias, absolute average travel time error, and travel time bias,

to determine the accuracy ofvend s 6 ( NAVTEQ, TrafficCast, and I
data looked consistent with the ground truth and license plate reader data, and no significant
differences in data accuracy among the three vendors were observed (FDOT 2012).

Sharma et al. (2017) phored the reliability of probe data for congestion detection and overall
performance assessment using an adaptive,diiatan, multiscale data decomposition algorithm
called Empirical Mode Decomposition. The authors noted that the cost of deployingdatge
control strategies for traffic networks has increased the need for more reliatimesthffic
condition prediction.

Liu et al. (2016) discussed two approaches for travel time prediction/estimation accuracy :
dynamic mode decomposition and spatiotemporal pattern networks. Their results showed that
datadriven approaches effectively detected changes in traffic system dynamics during different
times of the day.

A technical memorandum published by FDOT (2012) mamizes the various data available for
analyzing bottlenecks and congestion on Fl ori
memorandum also makes recommendations concerning the applicability of using existing FDOT
data versus vehicle probe datanfr INRIX.

Schuman and Glancy (2015) discussedourcedw | NRI X
traffic monitoring network using sensors in fleet vehicles and mentioned how INRIX XD gives

greater traffic detail on any map and a platform for plannindysisaand operation of road

networks.

Matsumoto et al. (2010), using probe data to estimatee@@sion reductions, defined three
services (traffic flow analysis, improvement of signal control performance, and priority control
of bypasses) that enhancaffic flow control. The authors confirmed the detection of a
bottleneck without depending on the deployment rate-g€hicle GPS units by using probe

data statistically in traffic flow analys{®latsumoto et al2010)
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Different techniques (data asslation, Newtonian relaxation) to incorporate probe data into
macroscopic traffic flow models have been used to solve the optimization problem in urban
areas, and these techniques have confirmed the possibility of decreasing the amount of probe
data needetb detect congested traffic with negligible degradation of the quality of the traffic
status estimation (Chu and Saito 2013). While reducingedissions using intelligent traffic

control requires many detectors and high installation costs, Nagashiméetid) used probe

data collected by vehicles equipped with GPS or other devices and a signal control system that
calculated consecutive spatial traffic information (spatial data) such as queue length. The authors
showed that it is possible to reduce thienber of detectors needed for the calculation.

Haghani et al. (2015) described a novel validation scheme for comparing travel time data from
two independent data sources with an emphasis on arterial applications. In addition, a context
dependenbasedravel time fusion framework was developed to integrate data from INRIX and
Bluetooth datasets to improve data quality. To minimize the impact of random errors that can
occur with INRIX data, two new techniques, confidence value and smoothing, were ddvelope
by a coalition of the University of Maryland and INRIX. When used together, these techniques
reduce both the frequency and severity of the sudden changes in traffic condition that have been
observed. Kobayashi et al. (2011) suggested using probe datéetd spatial traffic

information in an effort to reduce G@missions and verified the possibility of detecting
bottleneck intersections based on traffic flow analysis utilizing infrared beacon probe data
collected from the field.

In the present studwe utilized the historical and reaime traffic data, including speeds, travel
times, and location information, collected through the INRIX TMC monitoring platform. With

the help of todaydés technologies, i mffeksadi ng c
vast amount of historical and reiédhe data that can be analyzed and investigated to improve the
performance of transportation networKks. I NRI X

temporal data on average speeds for major roadavaysrterials across all 50 states. These
speeds are determined by algorithms that eval
| NRI X60s patented Smart Dust Network system, w
country. The speed dataeahen processed across several different temporal resolutions and

reported on a customepnfigurable basis for each temporal resolution.

2.5 Hotspot Detection

Generally, predicting traffic congestion in urban environments is an extremely complex task. In
general, two types of congestion are defined: recurring andewomring. Recurring congestion

is caused by the usual traffic in a normal environment and is repetitive in nature and observed
during peak periods, whereas a@turring congestion is unexgied and is often caused by
weather conditions, work zones, and incidents. While early approaches for traffic forecasting
included simulations and theoretical modeling, the massive traffic datasets available today have
made several different statisticaldatiatadriven approaches available to the research

community, including linear regression, nonlinear time series, Kalman filters, support vector
regression, and various neural network models. The effects of traffic congestion and the
prediction of these &dcts have been extensively studied. However, to the best of our knowledge,
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only one study has focused on the impacts of PSEs on traffic congestion (Kwoczek et al. (2014).
The authors of that study present a general theory of the impact of PSEs onwaalis)et

derived from an event classification system defined by the Chinese State Council. The authors
also introduce management plans for different types of events, but there are no measurable
solutions to predict traffic.

Over the years, many researchaséattempted to utilize mathematical prediction methods for
traffic prediction. In the field of traffic flow prediction, traffic flow has always been regarded as

a two-dimensional stochastic process (temporal and spatial). Parametric models try to find a
mathematical model parameter that describes traffic flow as a time series process. In 1979, the
first parameter approach was proposed to predict-séont freeway flow using an

autoregressive integrated moving average (ARIMA) model. Many studies have Stewalue

of the ARIMA model, but the approaches in these studies suffer from a tendency to focus on the
average values of the time series and therefore are not able to predict extremes. In order to
predict the flow of traffic within a study area, otlparametric models, such as the Kalman

filtering model and local linear regression, have also been suggested.

Since 1990, researchers have tended to make use of nonparametric instead of parametric models.
I n order to defi ne tnumberohpathmdtetssnonpdrameatricimadele a n d
rely on training data. While nonparametric models are promising because of the nonlinear nature
of traffic flows, many of the proposed methods only characterize traffic flow temporally in a

time series process. iBhpaper investigates Bayesian networks (BN) to predict traffic flows

using spatial and temporal information. Dynamic Bayesian Networks (DBN) extend Bayesian
networks to model systems that evolve over time. In other words, a DBN is a BN that relates
varialdes to each other over contiguous time stamps.

2.6 Conclusion

This chapter summarized previous studies on the impacts of various kinds of planned special
events. Moreover, the impacts of professional sporting events, an example of a PSE, on traffic
congesbn were examined. Finally, information was presented on INRIX, the source of data for
this study. The next chapter presents details on the data used and routes selected for this study
and an exploratory analysis.
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3. Data

3.1 Introduction

| n t od aexd@lebal economy, transportation connections enable a business to locate in
any region offering the best possible combination of labor, land, tax, and cost while competing
worldwide. All state departments of transportation (DOTS) rely on firednted sesors to

collect traffic information such as travel time, traffic speed, volume, etc. Such traffic information
can be used by Nebraska Department of Transportation (NDOT) councils to identify which
routes are used most and to decide whether to improve tbads or provide alternatives if there

is an excessive amount of traffic.

Probe data collection involves a set of relatively-lmvgt methods for obtaining travel time and
speed data for vehicles traveling on freeways and other transportation rou@8.Hdb already
procured probe data streams through a thady vendor, INRIX, to augment traffic data
collection and assess the performance of its operations. INRIX is maintaining 4,125 traffic
management centers to collect traffic information for migeways and urban areas in
Nebraska.

The objective of this study was to assess and explore the impact of University of Nebraska
Cornhuskers football game days on travel patt€sasne days attract a significantly high
volume of traffic and hence result@gongestion and higher travel times for road usHms. past
several years of INRIX data available through NDOT were used to generate travel time
reliability curves and thereby estimate shockwave lengths.

This project provides insights on the impactofgamd ay schedul es and t he (
opponents on travel patterns and route choices. The insights gained from this study will help
NDOT implement active traffic assignment and thereby reduce congestion on game days.

Table 3.1 shows the Nebraska Cornhuskeime game schedule from 2013 to 2017. For all
games, the table shows the date and day of th
the start time of the game.
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Table 3.1. Nebraska Cornhuskers homgame schedule and results from 2013 to 2017

Date Day Opponent Location Result Status Time
Game Days 2013
) Memorial
8/2/2013 Fri Fan Day Stadium
8/31/2013  Sat Wyoming Memorial -\ 3744 7:00 PM
Stadium
0/7/2013 Sat  Southern Miss Memorial -y oo g4 5:00 PM
Stadium
0/14/2013  Sat UCLA Memorial ) 59 11:00 AM
Stadium
9/21/2013  Sat South Dakota Memqual W, 5920
State Stadium
10/5/2013  Sat llinois Memorial ), 5919 11:00 AM
Stadium
11/2/2013 Sat  Northwestern  Memoral 5004
Stadium
11/16/2013 Sat  Michigan State  Memonial ) 41 og
Stadium
11/29/2013  Fri lowa Memorial g, 11:00 AM
Stadium
Game Days 2014
8/30/2014 Sat Florida Atlantic  Memorial e 2:30 PM
Stadium
9/6/2014 Sat  McNeese State Memonial 5954 11:00 AM
Stadium
9/20/2014  Sat Miami FL Memorial — \\/ 41 39 7:00 PM
Stadium
9/27/2014  Sat lllinois Memorial -\ 4514 Homecoming 8:00 PM
Stadium
10/25/2014  Sat Rutgers Memorial -\ 1554 11:00 AM
Stadium
11/1/2014  Sat Purdue Memorial —\\/ 3514 2:30 PM
Stadium
11/22/2014 Sat Minnesota Memorial g, 11:00 AM
Stadium
Game Days 2015
RedWhite Spring Memorial Red 24, .
4/11/2015 Sat Game St White 15 11:00 AM
Nebraska Footbal Memorial Presented by
8/52015  Wed Fan Day Stadium US Cellular
9/5/2015 Sat  Brigham Young emorial  ‘aaog 2:30 PM
Stadium
0/12/2015 Sat  South Alabama Memorial \y 4ag 7:00 PM
Stadium

15



Memorial

9/26/2015 Sat Southern Miss : W, 36-28 Homecoming 11:00 AM
Stadium

10/10/2015 Sat Wisconsin Memorial 5459 2:30 PM
Stadium

10/24/2015 Sat  Northwestern Memorial ) 54,9 11:00 AM
Stadium

11/7/2015 Sat  Michigan State  emoral 3939 6:00 PM
Stadium

11/27/2015  Fri lowa Memorial g 2:30 PM
Stadium
Game Days 2016
Memorial

8/3/2016 Wed Fan Day Stadium

0/3/2016 Sat  Fresno State  Memorial -y 4e40 7:00 PM
Stadium

9/10/2016 Sat  Wyoming  Memorial -y 5517 11:00 AM
Stadium

9/17/2016  Sat Oregon Memorial ;55 55 2:30 PM
Stadium

10/1/2016  Sat Illinois Memqual W, 31-16 Homecoming 2:30 PM
Stadium

10/22/2016  Sat Purdue Memorial =\, 5714 2:30 PM
Stadium

11/12/2016 Sat Minnesota ~ Memorial 5417 6:30 PM
Stadium

11/19/2016 Sat Maryland ~ Memorial yy, He7 11:00 AM
Stadium
Game Days 2017

) Memorial Red 55,

4/15/2017 Sat Spring Game Stadium White 7

9/2/2017 Sat  Arkansas State Memorial -\ 436 7:00 PM
Stadium

9/16/2017 Sat  Norther llinois Memorial 59 45 11:00 AM
Stadium

9/23/2017  Sat Rutgers Memorial ;5747 2:30 PM
Stadium

10/7/2017  Sat Wisconsin Memorial g, 7:00 PM
Stadium

10/14/2017 Sat Ohio State ~ Memorial ) g1y 6:30 PM
Stadium

11/4/2017 Sat  Northwestern  Memorial ) 5y 5, 2:30 PM
Stadium

11/24/2017  Fri lowa Memorial — \\/ 5614 3:00 PM
Stadium
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3.2 Exploratory Analysis

The research team and the technical advisory committéleefq@roject decided to select five
major routes to Memorial Stadium in Lincoln, Nebraska. Figure 3.1 indicates these five routes,
which included 480 (No. 1), NE 2 (No. 2), NE 31 (No. 3), US 6 (No. 4), and US 77 (No. 5).

Routes to Lincoln

= |-80
NE-2
= NE-31

Us-6 4

uUs-77

/ 1

Figure 3.1. Five routes selectetbr this study

Raw data files received from the INRIX server were parsed using Hadoop technology and then
processed using tools like Tableau and Python programming to visualize all routes and detect the
mostly congested locations on each of the routesaoreglays. In this report, each of the five

routes is separately analyzed for all game days over five years, from 2013 through 2017.

Figure 3.2 illustrates the inspiration for examining traffic speeds on game days before the start
time of each game untifter the end of the game.
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Figure 3.2. Hourly CDFs of speeds on two game days and two normal days for a sample
game starting at 2:30 PM

The horizontal axis in the figure shows speed in mphtlaadertical axis represents the
cumulative distribution functions (CDFs) of the speeds. The CDF is the probability that a
variable takes a value less than or equal to x. The horizontal axis represents the allowable
domain for the given probability funcho Because the vertical axis reflects probability, it must
fall between 0 and 1; it increases from 0 to 1 from left to right on the horizontal axis.

As can be seen in Figure 3.2, the CDFs of the speeds for two normal days and two game days
(orange and redespectively) start to shift in the hours before the start time of the games (11
a.m., 12 p.m., 1 p.m., 2 p.m.) and after the end of the games (5 p.m. and 6 p.m.). Take, for
example, games with start times of 2:30 p.m. Point A in Figure 3.2 indicatesdJiaes, the

CDFs of the speeds on two separate game days at 12 p.m. It can clearly be seen that the CDFs
(point A) are well below 45 mph, showing congestion at 12 p.m. (almost two hours before the
start time of the games), which can be contrastecetorfinge lines (point B), which represent

the CDFs of speeds on two separate normal days. A similar scenario is observed at 11 a.m., 1
p.m., 2 p.m.,5p.m., and 6 p.m.

In the following sections, each route is thoroughly analyzed in terms of the congasted z
identified from a couple of hours before the start time of the games to a few hours after the end
of the games.

3.2.1 Route 1:480

First route is 480, which, in Nebraska, runs east from the Wyoming state border across the state
to Omaha. Nebraskaas over 80 exits alongB0. Figure 3.3 shows80 in the state of Nebraska.

18



Figure 3.3. Route 180 in Nebraska, with blue points representing INRIX TMC segments

There are several points 080 eastbound (EB) showing congestion during game days (from
exits 353 to 369 in Figure 3.4).

From Exit 353 to 369

Figure 3.4. Route 80 EB, with red points representing INRIX TMC segments showing
congestion on game days

When the start time of the game is 11:00 a.m. or 2:30 p.m., there is congest&n on |
westbound (WB) from Omaha to Lincoln (Figure 3.5). However, when the start time of the game
is 6:30 p.m. or 7:00 p.m., there is almost no congestiorBONWB from Omaha to Lincoln.
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Figure 3.5. Route 80 WB, with red points representing INRIX TMC segnents showing
congestion on game days

For hotspot detection, a very thorough exploratory analysis is conducted on each route. All
significant speed drops from 2013 to 2017 for each segment is analyzed. If the proportion of
significant speed drops to totaimber of game days is greater than 0.5 the segment is classified

as a hotspot. For instance, if the total number of game days are 40 over the five years (2013 to
2017) and segment A experienced traffic congestion for 20 times or more during this patiod, th
segment will be classified as a hotspot. Figure 3.6(a) shows all segments from Omaha to Lincoln
(I-80 WB) as blue points. In general, blue points represent all segments on each route. Red points
represent hotspot segments.
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Noon Evening
EB EB
-6 5 -4 3 2 1 0 1 2 3 4 5 6 -6 5 -4 3 2 1 0 1 2 3 4 5 6
— 448
—— [ 432
WB WB
hourDifference hourDiff
6 5 4 3 2 1 0 1 2 3 4 5 6 6 5 4 3 2 1 0 1 2 3 4 5 6
—— — After 409
b)

Figure 3.6. (a) Hotspots indicated by red points and (b) heat maps for80 EB and WB for
noon and evening games

Figure 3.6(b) shows heat maps fé8d EB and WB for noon and evening game days. Each heat
map shows 0 as the start time of each game. The heat maps also show six hours before and after
the start time of the games. Red point are also annotated by naxitenoingber or street name

in the figure. Before the games, considerable congestion is evident for both noon and evening
games starting from three hours before the games86nAV/B. On 80 EB, the heat maps show

traffic congestion after the end of each gamvhich starts from three and a half hours after the

start time of the game. The red points in Figure 3.6(a) correspond to the segments on the heat
maps that show congestion. Those red points correspond to exits 448, 432, after 409, and 401
401B.
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3.2.2 Poute 2: NE 2

NE 2 is a highway in Nebraska with two segments. The western segment begins at the South
Dakota border northwest of Crawford and ends southeast of Grand Island at the intersection with
[-80. The eastern segment begins in Lincoln and ends &ba border at Nebraska City. In this
study, the eastern part of NE 2 is examined. Figure 3.7 shows the eastern part of NE 2.

NE-2

Figure 3.7. Route NE 2, with blue points representing INRIX TMC segments

As can be seen in Figure 3.8(b), there is conside@gestion on four segments on NE 2 WB
for noon games. There is no considerable congestion on NE 2 EB at all.
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Figure 3.8. (a) Hotspots indicated by red points and (b) heat maps foiE 2 EB and WB for
noon and evening games

This means that people prefer to choose an alternative route to travel east (for example, to lowa)
after the game. However, there is significant congestion on NE 2 WB before the games begin at

noon, whichmeanstha peopl e

from

| owa

or

regions around

use this route to travel to Lincoln for noon games. The red points in Figure 3.8(a) correspond to
S 84th Street and a segment between S 33rd Street to S 27th Street.

3.2.3 Route 3: NE31

NE 31 is a highway in Nebraska. The southern terminus is near Louisville at the intersection
with NE 50. The northern terminus is near Kennard at the intersection with US 30. The highway
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serves as a main norfiouth highway in the western portion oét®maha Metropolitan Area
(Figure 3.9).

NE-31

Figure 3.9. Route NE 31, with blue points representing INRIX TMC segments

As can be seein Figure 3.10(b), there is considerable congestion on three segments on NE 31
southbound (SB) for both noon and evening games. There is no congestion on NE 31 northbound
(NB) neither noon nor evening games.
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Figure 3.10. (a) Hotspots indicated by red points and (b) heat maps for NE 31 NB and SB
for noon and evening games

This means that people prefer to choose an alternative route for traveling north after the game.
However, there isignificant congestion on NE 31 SB before both noon and evening games. The
red points in Figure 3.10(a) correspond to the intersections between NE 31 SB and US 6, S 216th
Street, and the merging point t&0.

3.2.4 Route 4: US 6

US 6 in Nebraska is a higlay that goes from the Colorado border west of Imperial to the lowa
border in the east at Omaha. In Lincoln, US 6 comes into the city on West O Street, portions of
which are divided highway. At Cornhusker Highway, which is a divided highway, US 6 turns
eas with a short urban connection td80 in the west along Cornhusker Highway. US 6 then
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follows Cornhusker Highway northeast out of the city. At the east end of Cornhusker Highway
(near Waverly), US 6 meets8D. As can be seen in Figure 3.11, US 6 finalerges onto the
freeway, the West Dodge Expressway, and turns due east towards downtown Omaha.

Figure 3.11. Route US 6, with blue points representing INRIX TMC segments

As can be seen in Figure 3.12(b), there is considerable congestion on eight sedrd&n6
WB for both noon and evening game days. There is almost no significant congestion on US 6
EB.
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Figure 3.12. (a) Hotspots indicated by red points and (d)eat maps for US 6 EB and WB
for noon and evening games

This means that people prefer to choose an alternative route for traveling to Omaha after the
game, specifically-BO EB. However, there is significant congestion on US 6 WB before the
game. The redgints in Figure 3.12(a) correspond to 72nd Street in Omaha, Superiof Street
Cornhusker Highway, N 35th Street, and Sun Valley Boulevard in Lincoln.

3.25 Route 5: US 77

US 77 in Nebraska runs south to north across the eastern portion of the state, énoenging
Kansas in Gage County south of Wymore and ending in Dakota County north of South Sioux
City before making a brief entrance into lowa. Figure 3.13 shows the portion of US 77 analyzed
in this study.
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